INTRODUCTION 74
Bacterial small RNAs (sRNAs) range in size from 30 to 300 nucleotides (nts). Regulation of 75 mRNA targets by sRNAs via base-pairing dependent mechanisms alters translation or mRNA 76 stability (1, 2). Most of the time, base-pairing interactions involve the 5' or 3' untranslated region 77 (UTR) of the target mRNA but can also involve sites within the coding region of the target 78 mRNA. Small RNA-dependent translational repression often occurs via interactions that directly 79 interfere with ribosome binding to the mRNA. However, sRNAs have also been shown to 80 activate mRNA targets through various mechanisms, including interference with mRNA decay 81 (3, 4) . In recent years it has become evident that sRNAs are ubiquitous and play an important 82 role in mediating and regulating many basic cellular processes and stress responses. Hundreds 83 of small RNAs have been identified in numerous bacterial species such as Bacillus subtilis (5), 84
Listeria monocytogenes (6), and Salmonella enterica (7, 8) . With the advancement of current 85 technologies, the number of sRNAs identified in diverse organisms will surely increase. 86
Consequently, there is a pressing need to develop new and better tools for sRNA 87 characterization. In particular, there is a need for methods to address a major rate-limiting step 88 in novel sRNA functional characterization, which is high-fidelity identification of mRNA targets. 89 A variety of computational and experimental methods have been used to predict and 90 validate sRNA-mRNA target interactions. The computational tools currently available for sRNA 91 target prediction, such as TargetRNA (9), sTarPicker (10), IntaRNA (11, 12), and CopraRNA 92 (13), albeit powerful, have their limitations, the most problematic of which is the high rate of 93 false positives. TargetRNA, sTarPicker, and IntaRNA all scan the entire genome and search for 94 putative targets based on interaction hybridization energies. CopraRNA uses the same 95 methodology as IntaRNA for predicting targets based on thermodynamic favorability of the 96 interactions but goes a step further and also considers the conservation of those interactions 97 6 In order to streamline the use of multiple existing sRNA prediction algorithms, we 125 developed a software pipeline called SPOT (sRNA-target Prediction Organizing Tool) that uses 126 several algorithms in parallel to search for sRNA-mRNA interactions. The software collates 127 predictions and allows integration of experimental data using customizable results filters. First, 128 we used two well-characterized E. coli sRNAs, SgrS (18) and RyhB (19, 20) , to assess the 129 effectiveness of SPOT as the targets of these sRNAs are well defined. Next, we extended the 130 application of the SPOT pipeline to UTRs of mRNAs to identify potential sRNAs involved in 131 regulation. We then applied the same parameters and analyses to a less characterized E. coli 132 sRNA, RydC. Employing a combinatorial approach through SPOT predictions and experimental 133 validation, we were able to identify two new RydC targets, pheA and trpE, which were 134 downregulated and upregulated, respectively, by RydC. 135
MATERIALS AND METHODS 136

Software pipeline 137
A software pipeline was constructed in PERL to provide a single interface for running four 138 sRNA-mRNA target prediction algorithms in parallel and collating their results (Fig. 1) . Source 139 codes for TargetRNA2 v2.01 (9), sTarPicker (10), IntaRNA v1.0.4 (12), and CopraRNA v 1.2.9 140 (13) were downloaded and installed on a multicore local server. The pipeline is comprised of 4 141 steps described briefly here. 142 1. Reference genome files are retrieved from RefSeq or local customized genome files can 143 be used, provided they are in an appropriate RefSeq format (GBK file or PTT and FNA files). 144 2. Simultaneous searches are initiated for TargetRNA2, sTarPicker, and IntaRNA according 145 to user defined search parameters (e.g., window size, seed size, significance cutoffs). 146
Optionally, if RefSeq IDs and corresponding sRNA sequences from related genomes are 147 provided, a CopraRNA search is initiated. 148 3. The pipeline tracks the progress of each job and once each search is completed the raw 149 results files are read into memory. 150 7 4. User-defined results filtering parameters are applied (e.g., list with known binding 151 coordinates, differential expression, operon data) and the raw results in memory are collated 152 into a unified report. 153
The collated results report includes Excel-formatted data tables, functional enrichment 154 predictions for consensus mRNA targets as well as binding plots. Both the collated results and 155 individual search results can be downloaded once the job is complete. In addition, users can 156 elect to have an email notification sent when the job is complete. The pipeline also includes an 157 option to re-run the results collation steps using different results filters. This enables users to 158 make minor adjustments to the results reporting without waiting for the individual searches to be 159 re-run. 160
The SPOT program and installation instructions are available on GitHub 161 In addition, we compiled a list of 85 E. coli sRNAs to investigate the ability of the pipeline 181 to be used to predict mRNA-sRNA interactions using a putative mRNA target as the search 182 query (Table S2 ). This includes 65 RefSeq annotated sRNAs (NC_000913.3), an additional 19 183 sRNAs annotated in ecocyc.org (21), and the sRNA IepX (23). Note that 552 additional 184 predicted E. coli sRNAs, cis regulatory elements and other putative RNAs corresponding to 185 known RFAMs (n=172) or identified from expression studies (n=360) were not included (24, 25). 186
Finally, sRNA-mRNA interaction coordinates and the 5' UTRs of 11 mRNAs with ≥2 187 known interacting sRNAs were collected from ecocyc.org (21): csgD (b1040,n=5), flhD 188 (b1892,n=4), ompA (b0957,n=3), ompC (b2215,n=3), ompF (b0929,n=2), ompX (b0814,n=2), 189 phoP (b1130,n=2), rpoS (b2741,n=4), sdhC (b0721,n=3), sodB (b1656,n=2), and tsx 190 (b0411,n=2). 191
Media and reagents 192
E. coli strains were cultured in lysogeny broth (LB) medium or on LB agar plates at 37°C, unless 193 stated otherwise. For construction of reporter fusions by λ Red, recovery of recombinants was 194 carried out on M63 minimal medium containing 5% sucrose, 0.001% L-arabinose (Ara), 0.2% 195 glycerol, and 40 μg/ml 5-Bromo-4-Chloro-3-Indolyl β-D-Galactopyranoside (X-Gal). For β-196 galactosidase assays, bacterial cells were grown in Tryptone Broth (TB) medium supplemented 197 with 100 μg/ml ampicillin (Amp) overnight at 37°C and then subcultured in TB broth containing 198 100 μg/ml ampicillin (Amp) with 0.002% L-arabinose. Where necessary, media were 199 supplemented with antibiotics at the following concentrations: 100 μg/ml ampicillin (Amp), 25 200 μg/ml chloramphenicol (Cm), and 25 μg/ml kanamycin (Kan). Expression of RydC was induced 201 9 with either 0.1 or 0.5 mM Isopropyl β-D-1-thiogalactopyranoside (IPTG) from the PLlacO-1 202 promoter. 203
Strain construction 204
Strains and plasmids used in this study are listed in Table S3 . All strains used in this study are 205 derivatives of E. coli K12 strain MG1655. Oligonucleotide primers and 5'-biotinylated probes 206 used in this study are listed in Table S4 and were all acquired from Integrated DNA 207 Technologies (IDT). Chromosomal mutations were made by λ Red recombination (26, 27) , and 208 marked alleles were moved between strains by P1 vir transduction (28). PCR products were 209 generated using the Expand ™ High Fidelity PCR System (Sigma-Aldrich, St. Louis, MO) 210 according to the manufacturer's instructions. All mutations were verified by amplifying PCR 211 fragments using GoTaq polymerase (Promega, Madison, WI) and sequencing. 212
The translational lacZ reporter fusions under the control of the PBAD promoter were 213 constructed by PCR amplifying a fragment of interest using forward and reverse primers 214 containing 5' homologies to PBAD and lacZ (Table S3 ). PCR products were recombined into 215 PM1205 using λ Red homologous recombination and counter-selection against sacB as 216 described previously (29). The fusions used in this study were inserted into the lac locus of 217 PM1205. Some lacZ reporter fusions used in this study were constructed using the one-step 218 recombination method (30). 219
Plasmids harboring mutated rydC alleles under the control of the PLlacO-1 promoter 220 were constructed using the Quickchange II XL Site-Directed Mutagenesis Kit (Agilent 221 Technologies, Santa Clara, CA) with oligonucleotides AKP59 (PLlacO-1-rydC3), AKP68 (PLlacO-1-222 rydC5), and AKP69 (PLlacO-1-rydC345) that contained mismatched bases at the desired locations 223 and transformed into XL10-Gold Ultracompetent cells (Table S3 ). 224
RNA-seq analysis 225
E. coli K12 MG1655 strain AK250 (ΔrydC, lacI q+ ) harboring vector (pBR322) or Plac-rydC 226 plasmid was grown to OD600∼0.5 in LB broth media at 37°C and then induced with 0.1 mM IPTG 227 for 10 min. The hot phenol method (31) was used to extract total RNA after 2 and 10 minutes of 228 induction. Samples were then treated with TURBO™DNase ( genes outside this range were studied because they met other criteria (e.g., prediction of a 243 RydC-mRNA interaction by multiple algorithms). 244
β-galactosidase assays 245
Bacterial strains were cultured overnight at 37ºC (shaking) in TB medium containing 100 μg/ml 246 Amp. Subsequent to overnight growth, cultures were diluted 1:100 into fresh TB media 247 containing 100 μg/ml Amp and 0.002% Ara and cultured at 37 ºC. After reaching an OD600 of 248 0.3, 0.1 or 0.5 mM IPTG was added to induce expression of the plasmids and grown for an 249 additional hour until an OD600 of 0.5 -0.6 was reached. All β-galactosidase assays were 250 performed as described in previous protocols (33). In short, the samples were suspended in Z-251 buffer, with reactions conducted at 28ºC with 4 mg/ml 2-nitrophenyl β-D-galactopyranoside 252 (ONPG) as a substrate and 1 M Na2CO3 to end the reactions. 253
RESULTS 254
Integrated pipeline for sRNA target prediction algorithms 255 A number of algorithms and tools for identifying putative sRNA-mRNA interactions have been 256 developed (9, 10, 12, 13). However, no single target prediction tool is 100% accurate, the tools 257 implement distinct user-defined parameters, each tool uses a different format for reporting 258 results, and tools are hosted on distinct web platforms. Our approach was to create a single 259 pipeline incorporating existing computational tools to search for sRNA binding sites, producing a 260 collated and standardized results report ( Fig. 1) . We incorporated the TargetRNA2 (9), 261 sTarPicker (10), IntaRNA (12), and CopraRNA (13) tools into this pipeline because they are 262 widely used and have open source code. Input for the pipeline minimally includes a fasta 263 sequence for the sRNA and the RefSeq number for the target genome. Additional RefSeq 264 genome IDs and homologous sRNA sequences can be provided if the user wishes to include 265
CopraRNA results in the analysis. The pipeline interface also allows the user to define a set of 266 parameters for the individual algorithms and results filters. In particular, the results can be 267 filtered for genes with known binding sites or sets of genes that were identified as putative 268 targets by experimental methods (e.g., RNA-seq, MAPS [MS2 affinity purification coupled with 269
RNA sequencing] (17), RIL-seq [RNA interaction by ligation and sequencing] (15)). For 270 instance, output from the RNA-seq analysis tool Rockhopper (32) can be used directly as a 271 results filter. The program then follows four basic steps (1) download/validate input files, (2) 272 simultaneously initiate computational tools, (3) track job progress and read individual raw 273 results, (4) filter and collate results into a single report ( Fig. 1 ). Finally, an option is provided that 274 allows users to re-collate the results from an initial analysis using different results filter settings. 275
Pipeline Optimization with SgrS and RyhB targets 276
SgrS and RyhB are two well-characterized model sRNAs in E. coli critical for glucose-phosphate 277 (34) and iron limitation (35) stress responses, respectively. Numerous studies have confirmed 8 278 mRNA targets of SgrS (18, 36, 37, 38, 39) and 18 of RyhB (20, 40, 41, 42). We used these two 279 sRNAs to test the utility and sensitivity of the pipeline. For RyhB, the entire 90-nt sequence was 280 used as query for the bioinformatics search. For SgrS, only the 3' 80-nts of the 227-nt sRNA 281 was used as query, since this is the region involved in target RNA binding. Our initial 282 optimization of the pipeline focused primarily on three parameters: 'seed size', 'window size' and 283 'significance cutoffs.' Each application utilizes distinct defaults for these parameters. For 284 example, 'seed size,' defined as the number of contiguous base pairing interactions required to 285 define an sRNA-mRNA match is set to a default value of 7 in TargetRNA2 and IntaRNA and 5 in 286 sTarPicker. We varied the seed sizes for each algorithm and determined how different seed 287 sizes impact the sensitivity of detection of true targets for SgrS and RyhB. Sensitivity is defined 288 as Correctly Predicted Targets/Total Known Targets (i.e., true positive rate). For TargetRNA2, a 289 seed size of 7 gave the highest sensitivity for correct target predictions, with 38% and 56% 290 correct predictions, for SgrS and RyhB, respectively ( Fig. 2A ). For sTarPicker, the seed size 291 giving the optimal sensitivity was 6, with 63% and 72% of known binding interactions identified 292 for SgrS and RyhB, respectively. IntaRNA yielded the highest sensitivity of all three algorithms, 293 again at a seed size of 6. IntaRNA correctly identified 100% of known SgrS interactions and 294 94% of known RyhB interactions ( Fig. 2A ). Based on these results, we used seed size settings 295 of 7 for TargetRNA2 and 6 for IntaRNA and sTarPicker for all other analyses. 296
Next, we evaluated how altering the window size and significance cutoffs impacted the 297 accuracy of predictions ( Fig. 2B, C) . The window size refers to the size of the region upstream 298 and downstream of every start codon in the genome that is searched for potential base pairing 299 with the query sRNA. Default window sizes for each tool vary dramatically. The default 300
TargetRNA2 window size is 80 nt upstream and 20 nt downstream (80/20) of each start codon 301 (9). The default for sTarPicker is 150/100, IntaRNA suggests 75/75 and CopraRNA uses 302 200/100. Likewise, the tools have different metrics to determine the significance of a match 303 either providing a P value (TargetRNA2, IntaRNA, CopraRNA) or a probability measure 304 (STarPicker). TargetRNA2 generates P values for predicted interactions based on the sRNA-305 13 mRNA hybridization energy scores of a randomized mRNA pool (32). IntaRNA utilizes P values 306 based on transformation of the energy scores calculated for all putative target binding sites with 307 energy score ≤0 (14). CopraRNA combines individual IntaRNA P value predictions among 308 clusters of genes to generate a weighted P value and false discovery rate (FDR)-corrected Q 309 value (14). In contrast, sTarPicker uses a machine learning approach to generate probabilities 310 as a proportion of base classifiers (n=1000) that support each proposed interaction (10). The 311 sTarPicker authors report that probabilities ≥ 0.5 correspond to likely sRNA-mRNA interactions. 312 SPOT provides the user with the ability to alter the search window and significance thresholds 313 used by all the algorithms included in the pipeline (Fig. 1 ). We chose two sets of parameters 314 that we define as "Stringent" and "Relaxed," and tested the performance of each set of 315 parameters in correctly identifying known RyhB and SgrS target binding sites ( TargetRNA2, 0.5 for sTarPicker, "top" (e.g., the top 100 predictions) for IntaRNA, and 0.01 for 319 CopraRNA (Fig. 2B, C) . Relaxed parameters used a comparatively larger window size of 320 150/100 and thresholds of 0.5, 0.001, "un," (e.g., all predictions) and 0.01 for TargetRNA2, 321 sTarPicker, IntaRNA, and CopraRNA, respectively. 322
Using stringent search parameters, 10/18 known RyhB target binding sites and 2/8 323 known SgrS target binding sites were correctly predicted by ³2 algorithms ( Figure 2B , C, 324 indicated by 2 or more pink cells and absence of blue cells). Using relaxed parameters, the 325 correctly predicted interactions rose to 17/18 and 6/8 for RyhB and SgrS, respectively. Thus, for 326 both RyhB and SgrS, relaxed parameters substantially increased the number of correctly 327 identified binding sites ( Fig. 2B, C) . Notably, use of relaxed parameters was necessary to 328 capture true binding sites like the SgrS binding site on yigL mRNA, which is located further from 329 the start codon than is typical. The relaxed parameters improve the sensitivity of individual 330 methods but may result in the downside of identifying more false positives. IntaRNA has high 331 14 sensitivity for true positives (correct identification of known sRNA binding sites) under the 332 relaxed settings, but also gives a high rate of likely false positives, illustrated by the fact that 333
IntaRNA predicts >3400 binding interactions that are not predicted by any other algorithm. 334
Mitigating this downside of using relaxed parameters, we saw that in the majority of instances 335 the correct RyhB and SgrS binding sites were predicted by ≥2 methods and incorrect 336 predictions by ≥2 methods occurred rarely (RyhB= 1/18, SgrS= 0/8) ( Fig. 2B, C) . 337
For SgrS and RyhB, at least a dozen mRNAs have been experimentally defined as 'non-338 targets' for each sRNA (18). In other words, predicted sRNA-mRNA interactions were tested 339 and shown not to mediate regulation of the mRNA in question. These examples served as 340 controls that allowed us to calculate False Positive Rates. Together with the Sensitivity 341 measures for each algorithm and the pipeline, we generated receiver operating characteristic 342 (ROC) curves to assess the accuracy of the methods alone and in combination ( Fig. 2D, E) . 343
Ideally tools should yield high true positive rates and low false positive rates, resulting in values 344 falling in the upper left quadrant of the ROC curve. Our results indicate that when 2 methods 345 converge on the same prediction, the pipeline achieves ≥75% sensitivity and ≤ 50% false 346 positive rate for both sRNAs. This is a marked improvement in most instances over the single 347 algorithms used here ( Fig. 2D , E). In particular, using a 2-method threshold mitigates the very 348 high false positive rate from IntaRNA. We note that making the IntaRNA P value cutoff more 349 stringent (e.g., 0.05) decreases the false positive rate dramatically, but at a cost to sensitivity 350 ( Fig. S1 ). Similarly, requiring 3 or 4 algorithms to identify the same predicted interaction 351 decreases the false positive rate of predictions for RyhB and SgrS, however, the sensitivity 352 decreases by more than 25% (Fig. 2D, E) . Collectively, these analyses suggest that use of 353 relaxed search parameters and a combined evidence approach requiring a minimum of 2 354 algorithms to predict the same binding interaction is an effective means of improving sRNA 355 target prediction sensitivity. 356
15
The SPOT pipeline accepts several results filters to facilitate analysis of the predictions. 357
First, users can provide the program a list of binding site locations for known mRNA targets 358 (e.g., true positives). Second, users can include genes on the list that lack known binding sites 359 in order to limit the results reporting to select genes of interest, for example those that emerged 360 from experimental analyses (e.g., RNA-seq). Integration of experimental data with 361 computational predictions is another valuable way of reducing potential false positive 362 predictions. 363
Based on our results and observations during the optimization of SgrS and RyhB target 364 identification, we designed SPOT to prioritize the target binding site predictions (Fig. S2 ). First, 365 known binding sites correctly predicted by ≥2 algorithms (1) or 1 algorithm (2) are reported. Any 366 gene targets with predictions that are discordant with known binding sites (3) are reported next. 367
Then any additional targets with the same predicted target site found by ≥2 algorithms are 368 ranked next (4). This is followed by targets that were only predicted by a single algorithm, in the 369 following order: CopraRNA (5), TargetRNA, sTarPicker (6), and IntaRNA (7). Using the results 370 filters, a user can narrow or widen their searches, for example, by limiting the predictions made 371 by single algorithms or by applying secondary filters on binding site regions. 372
Application of SPOT to additional sRNAs 373
To evaluate the robustness of the defined pipeline parameters and our ranking methods, we ran 374 similar analyses on 9 additional sRNAs with ≥4 known targets. Overall, we found that the SPOT 375 pipeline sensitivity (e.g., the percent of correctly identified interactions) was equal to or 376 exceeded any individual method (average = 84% ± 8.5%, Fig. 3A, Fig. S3A ). As before, we 377 found that correct identification by ≥2 methods occurred in the majority of instances (Fig. 3A, red  378 bars). The full list of target predictions generated by ≥2 methods for all 11 sRNAs ( Fig. S3B ) are 379 included as Supplemental Dataset 1. On average the primary analysis by the pipeline took 1hr 380 15min ± 35min, using as many as 6 processing cores simultaneously. Re-collation of the results 381 using different filters only took an average of 29s ± 6s. 382
Extended application of the SPOT pipeline -mRNA as query sequence 383
The four individual algorithms are intended to identify the interaction of an sRNA with mRNA 384 targets. However, a user may be interested in determining which known sRNAs interact with a 385 specific mRNA of interest. Normally this would require running an individual search for each of 386 the 10s to 100s of sRNAs from that organism. As part of our pipeline we have designed a 387 feature that allows a user to input a custom annotation file for their reference genome. 388
Therefore, instead of providing the list of mRNA targets, sRNAs can be provided to the 389 algorithm and the relevant mRNA sequence, e.g., a 5' untranslated region (UTR) of interest can 390 be used as the query. We carried out this "reverse" analysis on 11 E. coli 5' UTRs that have 391 already been demonstrated to interact with ≥2 different sRNAs. The results are comparable to 392 the analysis using sRNAs as targets -known sRNA interactions were identified with an average 393 sensitivity of 85% ± 24% (Fig. 3B) . Moreover, using the 2-algorithm cutoff we were able to use 394 this approach to predict 5 to 14 additional sRNAs that putatively bind the UTRs and could affect 395 their regulation (Supplemental Dataset 1). We note that due to technical constraints the reverse 396 search method can only be used with TargetRNA2, sTarPicker, and IntaRNA at this time. This 397 approach is a novel feature that will facilitate ongoing sRNA research. 398
Examination of novel RydC target predictions 399
We next sought to use the SPOT pipeline to identify additional targets for the poorly 400 To identify putative RydC targets, the SPOT pipeline was applied to RydC using both 418 stringent and relaxed parameters, with the former being more restrictive for window size and 419 algorithm thresholds as described above. Similar to analyses for SgrS and RyhB, the relaxed 420 parameters yielded a greater number of predictions than the stringent parameters. Potential 421 targets that were predicted by ≥ 3 algorithms with the relaxed parameters are shown in Fig. 4  422 above the bold line. The RydC binding site for a validated target, cfa mRNA, was correctly 423 predicted by 3 algorithms in the relaxed run. TargetRNA2 predicted a binding site that was 424 inconsistent with the known binding site. The cfa prediction was absent in the stringent run, 425 since the base pairing interaction between RydC and cfa mRNA takes place outside the window 426 specified in the stringent run (Fig. 4) . Some of the putative targets predicted by ≥ 3 algorithms 427 were also differentially expressed in RydC pulse expression RNA-seq experiments (indicated 428 under "Fold Change," Fig. 4) . Another set of genes were predicted as targets by ≥ 2 algorithms, 429 and differentially expressed in RNA-seq experiments (Fig. 4 , see targets below the bold line). 430
Genes chosen for further analysis are listed in Table 1 , along with information about their 431 functions, differential expression in RNA-seq, predicted binding interactions, and algorithm 432 predictions. Several other genes that did not meet the criteria for inclusion in Fig. 4 were also 433 chosen for analysis because they had been described previously as RydC targets or because 434 they encode proteins belonging to functional categories related to known RydC targets (Table  435 1). 436
Testing pipeline predictions for RydC 437
To test the targets selected for further validation for regulation by RydC, we constructed 438 translational fusions to putative targets. These fusions were placed under the control of an RydC target (Fig. 4, Table 1 ) suggest that E. coli RydC regulates cfa in a similar manner. To 448 confirm this, we constructed two translational fusions: PBAD-cfa'-'lacZ-Long, which contains the 449 RydC binding site, and PBAD-cfa'-'lacZ-Short, which lacks the RydC binding site (Fig. 5B ). RydC 450 production strongly activated the long fusion, increasing activity by >20-fold compared to the 451 vector control strain (Fig. 5B ). As expected, activity of the short fusion lacking the RydC binding 452 site was unaffected upon RydC induction (Fig. 5B) . These results support the model that cfa 453 mRNA is a directly regulated by RydC in both S. enterica and E. coli. 454
Strains harboring reporter fusions to 13 other putative targets (listed in Table 1) were 455 transformed with vector control and Plac-rydC plasmids and β-galactosidase assays were 456 performed after a period of RydC induction (Fig. 5C ). Only two of the target fusions were 457 differentially regulated by the criteria we selected (³1.5-fold or £0.5-fold) in RydC-expressing 458 cells compared to the vector control (Fig. 5C ). These two targets were pheA and trpE, which 459 both encode proteins involved in aromatic amino acid biosynthesis. Previous studies (43, 44) 460 19 reported RydC-dependent translational repression of the yejA and csgD mRNAs, though we 461 note that specific and direct base pairing interactions with RydC were not demonstrated. Our 462 translational fusions to these putative targets did not show any differential regulation in 463 response to RydC expression ( Fig. 5C) . 464
RydC regulates genes in aromatic amino acid biosynthetic pathways 465
In RNA-Seq experiments, levels of pheA mRNA were reduced to ~30% of control levels when 466
RydC was ectopically expressed (Supplemental Dataset 2). Likewise, in RydC-producing cells, 467 activity of the PBAD-pheA'-'lacZ fusion was ~30% that of the vector control (Fig. 5C ). The 468 predicted RydC-pheA mRNA base pairing interaction involves the 5' end of RydC and the 469 coding region of pheA, directly adjacent to the start codon (Fig. 6A ). The PBAD-pheA'-'lacZ fusion 470 encompasses all of the 5' UTR and 645-nt of the coding region. A reporter derived from this has 471 mutations that disrupt the predicted base pairing with RydC, resulting in the PBAD-pheA67'-'lacZ 472 fusion with mutations G9C/G10C (Fig. 6A) upon RydC production by slightly less than 2-fold ( Fig. 5C, 7B) . The predicted RydC-trpE mRNA 484 base pairing interaction involves sequences near the 3' end of RydC and sequences within the 485 trpE coding sequence. Point mutations in the trpE reporter fusion (C20G/C22G) resulted in the 486 20 mutant reporter PBAD-trpE20'-'lacZ, which was not substantially upregulated when wild-type 487
RydC was produced (Fig. 7B ). Because of the unusual pseudoknot structure of RydC (3, 44) 488 mutations in the 3' end of RydC have a dramatic impact on RydC stability (45), thus we were not 489 able to test a RydC compensatory mutant that would restore pairing to the trpE20 mutant fusion. 490 However, we did construct a second trpE fusion, PBAD-trunc-trpE'-'lacZ, which was truncated to 491 remove the putative RydC binding site (Fig. 7B ). This fusion was no longer activated by RydC at 492 all. These observations suggest that sequences early in the trpE coding sequence are important 493
for RydC-mediated increase in trpE translation. 494
DISCUSSION 495
Over the years, many sRNAs have been discovered and characterized using both 496 computational and experimental methods. Although target discovery of sRNAs still remains the 497 rate-limiting step in sRNA characterization, many new techniques have been developed to 498 overcome that obstacle. Some techniques take a purely computational approach to target 499 prediction, including the target-prediction algorithms we have included in SPOT, (9, 10, 11, 12, 500 13) and others we have not included (47-57). Experimental techniques to identify bacterial 501 sRNA targets have also expanded. Many of these use affinity purification or co-502 immunoprecipitation approaches, with or without crosslinking (15, 17, 20, 58, 59, 60) . To help 503 streamline the process of sRNA target identification, the SPOT pipeline was constructed to be 504 used in conjunction with other identification methods. In this study, we showed that the SPOT 505 pipeline achieved ≥ 75% sensitivity and ≤ 50% false positive rate when at least 2 methods 506 converged on a prediction for the well-characterized sRNAs SgrS and RyhB (Fig. 2D-E) . 507
Expanding our analysis to other bacterial sRNAs, we found that the pipeline sensitivity was 508 equal to or exceeded that of any individual method (average = 84% ± 8.5%, Fig. 3A, Fig. S2 ). 509
As before, we found that correct identification by ≥2 methods occurred in the majority of 510 instances (Fig. 3A) . Furthermore, SPOT can be applied to the reverse situation where a user 511 can search for potential sRNAs that regulate their UTR of interest. We found through these 512 21 analyses that for 11 E. coli 5' UTRs with ≥2 known interactions with sRNAs, the analysis gave 513 an average sensitivity of 85% ± 24% (Fig. 3A) . 514
To test the utility of SPOT in identifying novel sRNA-mRNA target interactions, we used 515 it to predict targets of the poorly characterized sRNA RydC, which had been described to 516 regulate three genes: yejA (43), cfa (3), and csgD (44). Through SPOT analyses and filtering 517 based on experimental data, we generated a list of putative RydC targets (Table 1) . 518
Reassuringly, SPOT identified the true RydC target, cfa mRNA, and correctly predicted the 519 known binding site on this target (Table 1, Supplemental Dataset 1). The other two reported 520 targets, yejA and csgD, were not identified by the SPOT computational pipeline, nor were these 521 genes differentially regulated in our RydC pulse-expression RNA-seq analyses (Supplemental 522
Dataset 2). Since no specific direct binding interactions were shown for RydC-yejA or RydC-523 csgD, we postulate that the previously observed regulation of these targets by RydC may be 524 indirect. The SPOT pipeline also correctly identified 2 additional RydC targets, pheA and trpE 525 (Table 1, Figs. 5C, 6, 7) . RydC represses pheA translation, likely by a mechanism common to 526 repressing sRNAs. Binding of RydC to sequences around the Shine-Dalgarno region would 527 prevent ribosome binding and inhibit translation initiation. The mechanism of RydC-dependent 528 activation of trpE appears to be more complex. The trpE gene is part of the trpLEDCBA operon 529 responsible for L-tryptophan biosynthesis, which is regulated by both the trpR repressor and an 530 attenuation mechanism (46). Depending on the availability of L-tryptophan, the ribosome can 531 either stalls at or moves quickly through Trp codons in the trpL ORF. When Trp is abundant, the 532 ribosome rapidly completes translation of trpL, which prevents co-transcriptional formation of an 533 antiterminator hairpin and allows formation of a transcription terminator just upstream of the trpE 534 coding sequence. When Trp is limiting, ribosome stalling at the Trp codons allows formation of 535 an antiterminator structure, which promotes transcription elongation into downstream Trp 536 biosynthesis structural genes. While sequences within the trpE coding sequence have not been 537 implicated in the Trp-dependent attenuation mechanism, it is possible that the sequences 538 22 including the RydC binding site are responsible for yet another layer of regulation of these 539 genes, perhaps at the level of translation. Alternatively, sequences in the trpE coding sequence 540 could have long-range interactions with the upstream terminator or antiterminator sequences 541 and RydC binding could modulate those interactions. 542
Our study and evaluation of a combinatorial approach to identify mRNA targets of 543 sRNAs of interest represents a step toward accelerating a rate-limiting step in sRNA 544 characterization. The SPOT pipeline is able to streamline the process of running individual 545 algorithms, which can take hours to days, by reducing the run times significantly for all 4 546 algorithms at once (under 2 hours). Since the pipeline runs all 4 algorithms simultaneously, a 547 more narrowed down, comprehensive list is generated, negating the need for manually selecting 548 targets from individual algorithm runs. However, every method has drawbacks and though 549 SPOT is a powerful tool, it has limitations as well. For instance, a 50% false positive rate (the 550 average for well-characterized sRNAs analyzed in this study) is still high even though it is 551 markedly better than the false positive rates of predictions made by any single algorithm. As 552 experimental approaches for sRNA-mRNA target identification continue to improve, the power 553 and accuracy of SPOT's combinatorial approach to sRNA-target binding site predictions will 554 likewise improve. Another factor impacting the accurate prediction of sRNA binding sites by 555 SPOT is the user-defined search window. The majority of early examples of sRNA-mediated 556 regulation involved sRNAs binding in translation initiation regions of target mRNAs. Thus, most 557 existing sRNA target prediction algorithms have default windows set to search around start 558 codons. As more sRNA-mRNA interactions are validated and mechanisms of regulation studied, 559 we and others have found increasing numbers of examples of sRNA-mRNA interactions that 560 occur outside this window. Some of these interactions are primary or only interactions 561 responsible for sRNA-mediated regulation of the mRNA, e.g., RydC-cfa mRNA (3), SgrS-yigL 562 mRNA (39), which both involve mRNA sequences far upstream of the start codons. Yet other 563 interactions involving mRNA sequences far from translation initiation regions represent 564 23 secondary or auxiliary binding interactions that nevertheless play important roles in regulation 565 (18, 38) . 566
For the sRNA SgrS, there are two binding sites for its interaction with asd mRNA (18), 567 but SPOT was only able to predict the primary binding site. We expect that there are other 568 examples where the algorithms have failed to identify alternate or additional binding sites. This 569 is currently an area of development and once implemented, will serve as a valuable asset in 570 identifying putative targets for a sRNA of interest. 571
Taken together, the combinatorial approach revealed two new targets, pheA and trpE, in pathways. In the case for trpE, the mechanism of positive regulation is unique in that the base 577 pairing interaction takes place 12-22 nt downstream of the start codon. RydC could possibly 578 serve as a sRNA modulator of the biosynthetic pools of amino acids by activating/repressing 579 trpE/pheA mRNA expression when necessary. As an aside, chorismate is also a substrate for 580 production of the E. coli siderophore enterobactin, which is synthesized under iron limiting 581 conditions. Mutations in fur, tyrA, pheA, or pheU resulted in increased enterobactin production 582 since the chorismate pools were used for enterobactin synthesis (62). These observations 583 suggest that there may be conditions where RydC impacts the iron starvation stress response, 584 perhaps forming a regulatory network that intersects with that of the well-characterized iron 585 starvation stress response sRNA, RyhB. To better understand these potential connections, 586 future work will be aimed at characterizing the regulators and conditions controlling synthesis of 587
RydC. 588
With the implementation of the SPOT pipeline, combined with RNA-Seq and MAPS data, 589
we were able to add to the RydC regulon and expand its network. Whether this regulatory 590 24 network is exhaustive remains to be determined. We note that there were other RydC-mRNA 591 binding interactions predicted by SPOT that were not analyzed further here. Moreover, there are 592 additional sRNA-mRNA interactions predicted by SPOT for the other sRNAs that were run 593 through the pipeline (Supplementary Dataset 1) and it is likely that more bona fide interactions 594 are among those predictions. All in all, we developed a streamlined method for sRNA-mRNA 595 binding site predictions that leverages the strengths of many pre-existing algorithms. We 596 showed the robustness of SPOT for identification of true sRNA-mRNA interactions using well-597 characterized and poorly characterized sRNAs. We anticipate that SPOT will become a valuable 598 tool for many investigators who have found interesting sRNAs and wish to identify potential 599 mRNA targets for further characterization. 600
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Figure. 1. Schematic diagram of SPOT pipeline.
Step 1: A basic implementation of SPOT requires a user-provided reference genome and a sRNA sequence file. The user can customize the search window size and can optionally provide information required for CopraRNA (dashed boxes).
Step 2: The user can set seed sizes and significance cutoffs for each algorithm (superscript t = TargetRNA2, s = sTarPicker, i = IntaRNA).
Step 3: SPOT runs the algorithms in parallel and generates a set of collated results.
Step 4: Results filtering options as shown narrow the list of predicted interactions to an experimentally-tractable size for further validation or analysis. (B) Eleven UTRs that are experimentally validated to interact with multiple sRNAs were used in a 'reverse' search in SPOT (i.e., using the UTR as the query and the sRNAs as the targets). The average sensitivity of this method is lower than in A., however, this is a novel means for identifying sRNAs that might affect genes of interest. Plots are drawn as in A.
Figure. 4. SPOT predictions for the sRNA RydC.
Analyses were run with optimal seed sizes as determined in Fig. 2 . Genes above the bold line denote those with ≥ 3 computational predictions, while genes below the line had 2 computational predictions and differential RNA-seq expression (fold change of ≥ 1.5 or ≤ 0.5, q-value of ≤ 0.005). Correctly predicted interactions for RydC are shown as pink cells, unknown predictions that were consistent among algorithms are shown in green, inconsistent predictions are shown in blue, and empty cells did not have any predictions above the indicated thresholds. Algorithms are abbreviated T=TargetRNA2, S=Starpicker, I=IntaRNA, and C=CopraRNA.
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